Amino acid descriptors are often used in quantitative structure-activity relationship (QSAR) analysis of proteins and peptides. In the present study, descriptors were used to characterize peptides binding to the human MHC allele HLA-A*0201. Two sets of amino acid descriptors were chosen: 93 descriptors taken from the amino acid descriptor database AAindex and the z descriptors defined by Wold and Sandberg. Variable selection techniques (SIMCA, genetic algorithm, and GOLPE) were applied to remove redundant descriptors. Our results indicate that QSAR models generated using five z descriptors had the highest predictivity and explained variance (q 2 between 0.6 and 0.7 and r 2 between 0.6 and 0.9). Further to the QSAR analysis, 15 peptides were synthesized and tested using a T2 stabilization assay. All peptides bound to HLA-A*0201 well, and four peptides were identified as high-affinity binders.
Introduction
The first study of amino acid descriptors was undertaken by Sneath, 1 who used physicochemical semiquantative data to derive descriptors for the 20 naturally occurring amino acids. Since then, a number of studies have generated many other descriptors. Kidera et al. analyzed 188 amino acid indices and divided them into groups according to the properties they represent. 2 On the basis of Kidera's data and some new additions, Nakai et al. carried out another cluster analysis of 222 amino acid indices, dividing them into four major groups: R and turn propensities, propensity, hydrophobicity, and physicochemical properties. 3 In the same year, Fauchere et al. chose a group of 15 physicochemical descriptors and applied them to 20 natural and 26 synthetic amino acids. 4 To facilitate public access to these descriptors, Kawashima collected most published descriptors and established a database named AAindex. 5 Quantitative structure-activity relationships (QSARs) relate the biological activity of a molecule to its structure. QSAR techniques can be 2D or 3D. The former uses physicochemical descriptors, while the latter also takes the spatial features of the molecules into account. 4, 6, 7 Statistical methods, such as partial leastsquares (PLS) analysis, are used in QSAR to produce models that relate changes in activity to molecular properties. 8, 9 Amino acid descriptors are often used in peptide QSAR studies. [10] [11] [12] [13] They describe the physicochemical properties of the peptides quantitatively. Many of these properties are measured experimentally by methods such as TLC, HPLC, and spectroscopy. [14] [15] [16] Other properties cannot be measured but can be calculated, such as molecular surface areas and atomic charges. The quality of the amino acid descriptors is an important factor in producing models with good predictivity. 17 Another set of amino acid descriptors commonly used in peptide QSAR studies is the z descriptors, which were obtained by applying principal component analysis to groups of physicochemical variables. 18 These descriptors were used to analyze the activity of bradykinin potentiating pentapeptides and analogue peptide sets. 19, 20 Three z descriptors mainly explain hydrophilicity, size, and electronegativity of the amino acids. 21 Later, Sandberg et al. used the z descriptors to classify 89 synthetic elastase substrates and 29 neurotensin peptide analogues. 22 Their work generated models with high predictivity and a high level of explained variance (q 2 ) 0.77 and r 2 ) 0.83 for electase substrates and q 2 ) 0.78 and r 2 ) 0.93 for neorotensin analogues). Recent applications of the z descriptors include modeling the relationship between the functions of the peptides and their amino acid composition, 23 predicting the activity of -lactam antibiotics, 24 and applying genetic algorithms to optimize models generated using z descriptors 25 The present study uses amino acid descriptors and 2D-QSAR techniques to describe the binding of peptides to the human class I MHC allele HLA-A*0201. This allele was chosen because it is well-studied and because binding data were abundant. Two sets of descriptors were used: the AAindex descriptors and the z descriptors. The question was how to identify only those descriptors that were relevant to the problem from a large selection of potential variables. To address this, three variable selection techniques were applied to this problem: partial least squares as implemented in the soft independent modeling of class analogy (SIMCA), genetic algorithm (GA), and generating optimal linear partial least-squares estimations (GOLPE).
Methods
Peptides. Two-hundred-sixty-six A*0201 nonamer peptides were used as a training set in MHC binding analysis, all of which were taken from the AntiJen database. 26, 27 Experimentally measured IC 50 values (pIC 50 ) were used as the dependent variable. [28] [29] [30] [31] [32] [33] [34] [35] [36] Amino Acid Descriptors. The descriptors used in the first part of the analysis were taken from the amino acid descriptor database AAindex, 5 which can be accessed at http://www.genome.ad.jp/dbget/aaindex.html. The AAindex database is composed of two sections: AAindex 1 containing amino acid indices (437 descriptors at the time of study) and AAindex 2 containing amino acid mutation matrices (71 amino acid mutation matrices at the time of study). The descriptors used in the study were taken from AAindex 1. The z descriptors were also used in the analysis. The three z descriptors were originally defined in a peptide QSAR study by Wold and co-workers. 18 Later, Sandberg reexamined these descriptors and added two other properties (z4 and z5) to explain further molecular properties for both natural and synthetic amino acids. 22 The main difference between the two descriptor sets is that AAindex includes large numbers of molecular descriptors such as side chain volume, pK a , isoelectric point, etc., while the z descriptors are a small group of descriptors focused on four molecular properties: steric bulk, electrostatic, hydrophobicity, and electronic effects. The z descriptors are listed in Table 1 .
Partial Least Squares (PLS) Method. PLS is an effective technique for finding the relationship between the properties of a molecule and its structure. In mathematical terms, PLS relates a matrix Y of dependent variables to a matrix X of molecular structure descriptors. 37 PLS decomposes the matrix X into several latent variables that correlate best with the activity of the compounds. The latent variables are used to predict the activity (Y). The PLS method as implemented in Sybyl 6.9 was used. Both the column filtering and the scaling were turned off. The optimal number of components was found by running cross-validation using SAMPLS. 38 Cross-Validation (CV). Models produced by PLS are validated by leave-one-out cross-validation (LOO-CV) and cross-validation in five groups. In LOO-CV each peptide in the model is omitted once. The following parameters are generated by the calculation and are used to assess the predictive ability of the models: the cross-validated coefficient q 2 and the standard error of prediction SEP:
where n represents the number of the peptides included in the model (for LOO-CV, n equals the number of peptides) and where pIC 50pred and pIC 50exp are the values predicted by LOO-CV for the binding affinity and from the binding experiments, respectively.
After cross-validation, a non-cross-validated model is generated by PLS using the number of principal components (PC) derived from CV. Three values are obtained in the calculation: the variance explained by the model (r 2 ), the standard error of estimate (SEE), and the F ratio.
PLS Implemented in SIMCA. The soft independent modeling of class analogy (SIMCA) is a multivariate data analysis program that groups variables with similar properties and decreases descriptor redundancy. 39 SIMCA-P 8.0 was used to perform the calculations. SIMCA uses PLS to build QSAR models. The correlation between the individual variable and the data matrix was observed through the variable importance in projection (VIP). VIP is the sum of the variable influence over all model dimensions and is a measure of variable importance. Higher VIP values (VIP > 0.7) indicated good correlation between the variable and the data. To improve the model quality, variables with low VIP values were excluded from the model in a stepwise manner.
Genetic Algorithm (GA). The GA-PLS used in this study was implemented by Shun Jin Chou at the Laboratory for Molecular Modelling, School of Pharmacy, University of North Carolina at Chapel Hill (http://mmlin1.pha.unc.edu/∼jin/QSAR/analyze.html). The equation was used as the fitness function in the Web implemented GA-PLS calculation. q 2 is the predictivity of the model, n is the number of compounds in the data set, and c is the optimal number of components.
GOLPE. Generating optimal linear partial leastsquares estimations (GOLPE) 40 improves the predictivity of the model by excluding unwanted variables. In this way, models generated by GOLPE have a higher level of predictivity than ones generated by PLS alone. Fractional factorial design (FFD) was applied to reduce redundancy in the present data set, which generates models with a random subset of variables and compares the impact of missing variables on the PLS model. 
n -c T2 Stabilization Assay. The binding of peptides to HLA alleles was measured using a quantitative T2 cell surface stabilization assay. 41, 42 Briefly, cells (2 × 10 5 cells/well) were incubated with 100 µL of test and control peptides (0.04-200 µM) in the presence of AIMV (Life Tecnologies, Paisley, U.K.) and 100 nM 2 -microglobulin. The plates were stored at 37°C with 5% CO 2 overnight. After incubation, the cells were washed and surface levels of HLA-A*0201 were assessed by staining with FITC conjugated mouse antihuman HLA-A2 monoclonal antibody or mIgG 2b -FITC isotype control antibody. The cells were fixed with 4% paraformaldehyde. The MHC-bound fluorescence level was measured by facscalibur analysis (FACS), and the results were analyzed with the program Cellquest.
The fluorescence level of the peptides bound to HLA-A2 molecules was converted to fluorescence index (FI) values using 43 where F S is the mean fluorescence index (MFI) of the test peptides, F B is the no-peptide isotype antibodystained control MFI, and F T2 is the no-peptide HLA-A2 antibody-stained control MFI. The binding affinities of the test peptides to HLA-A*0201 were obtained by converting their FI values to BL 50 values, which is the peptide concentration yielding the half-maximal FI value.
Results

HLA-A*0201 Models with AAindex Descriptors.
Many of the descriptors in the AAindex database described whole protein properties such as helix and -sheet conformations. Because the present study was focused on short peptides, only descriptors that described individual amino acid properties were collected from the database. A total of 93 descriptors were selected, covering four major aspects: hydrophobicity, steric bulk, flexibility, and electrostatic forces (see Supporting Information).
QSAR models were generated for the HLA-A*0201 data set using PLS implemented in SIMCA. The training set includes 266 nonamer peptides, and pIC 50 values range from 4.3 to 9. The 93 descriptors were applied to each position of the nonamer peptide, generating a total of 837 (93 × 9) columns in the matrix. Initially, the q 2 value was low for both LOO-CV (q 2 ) 0.259) and CV in seven groups (q 2 ) 0.268). The VIP value of each variable was calculated, and q 2 was improved by excluding variables with VIP values lower than 0.7. A list of q 2 values after variable exclusion is given in Table 2 . There was a 4% improvement in q 2 after excluding nearly half of the variables (model 2, q 2 ) 0.305); there were no significant changes in q 2 in the subsequent models. There was another slight increase in q 2 when two-thirds of the variables were excluded (model 8, q 2 ) 0.332), after which q 2 started to decrease (models 9 and 10). In contrast, r 2 was the highest when all variables were included and was decreased as the number of variables dropped (model 2, r 2 ) 0.358). The r 2 values were generally low for all the models. The best q 2 value was 0.332 from model 8, which indicated that the model had only moderate predictivity. Similar results were obtained when applying GOLPE and GA to this descriptor set (q 2 ) 0.298, r 2 ) 0.445 for GOLPE and q 2 ) 0.260 and r 2 ) 0.410 for GA). The low q 2 and r 2 values obtained suggested that the models generated using AAindex descriptors were not predictive and were not appropriate for the analysis of peptide-MHC interactions.
A*0201 Models with the z Descriptors. The z descriptors are a class of properties obtained by PCA analysis. The z1 scale is the hydrophobicity scale where negative values indicate hydrophobicity and positive values indicate hydrophilicity. The z2 scale describes steric properties. A negative value in z2 corresponds to small amino acids with low molecular weights and small surface areas, while a positive value corresponds to large, bulky amino acids with large surface areas. The z3 scale describes electronic properties. Amino acids with negative z3 values are electronegative, and those with positive z3 values are electropositive. Compared with the AAindex descriptors, the z descriptors are fewer in number but represent large numbers of redundant, degenerate descriptors. The three z descriptors were used first. A total of 27 (3 × 9) descriptors were applied to the training set. QSAR models were built using SIMCA, GOLPE, and GA. Results of the QSAR models are listed in Table 3 . q 2 for the SIMCA model was the lowest among the three (q 2 ) 0.29). The predictivities of the GA and the GOLPE models were 0.396 and 0.424, respectively. The relative coefficients of the variables in each model were plotted in Figure 1 . The coefficients reflected the contributions of each variable at each position. Positive coefficients from all three models indicate that a property is favored, and negative coefficients from the three models indicate that a property is disfavored.
Considering the individual properties, hydrophobic amino acids were favored at P2, P3, P6, and P7 (with positive z1 coefficients) and disfavored at P4 and P8 (with negative z1 coefficients). Large amino acids were favored at P2, P3, P4, and P6 (with positive z2 coefficients) and disfavored at P5, P7, and P8 (negative z2 coefficients). Electronegative residues were preferred at P4 and P8 (with negative z3 coefficients), and electropositive ones were preferred at P2, P3, P6, and P7 (positive z3 coefficients). A second set of models was created using the five z descriptors. A total of 45 (5 × 9) descriptors were applied to the training set. Results of the QSAR models are listed in Table 4 . Relative coefficients of each position are shown in Figure 2 . q 2 values of the five z descriptor models ranged from 0.6 to 0.7, which indicated good predictivity. The SIMCA model had the highest q 2 of 0.702 with the first two components, and its r 2 value was 0.897, which was also the highest. The q 2 values of the GOLPE and the GA model were slightly lower: 0.619 and 0.606, respectively. Compared with other descriptor models, the five z descriptors of the QSAR model gave the best results. The relative coefficients of the z5 descriptors revealed that hydrophilic amino acids are favored at P4 and P8 (with positive z1 coefficients) but disfavored at P1, P2, P3, P5, P6, and P7 (with negative z1 values) (Figure 2 ). Large bulky amino acids were preferred at P1, P2, P3, P5, P6, and P8 (with positive z2 coefficients), while small amino acids were preferred at P4 and P9 (with negative z2 coefficients). More polar amino acids are likely to appear at P1 and P4 (with positive z3 and z4 coefficients) but not at P2, P3, P5, and P7 (with negative z3 coefficients).
The QSAR models generated by the three z and five z descriptors gave similar results. Both the three and the five z descriptors model showed that P2 favored bulky, nonpolar amino acids. P9 preferred small amino Relative coefficients of the QSAR models built by GOLPE, GA, and SIMCA using the five z descriptors. 50 values, previously published binding data on H-2Db restricted peptides were collected to compare the IC 50 and BL 50 measurements. [44] [45] [46] These data, together with an A2 peptide binding study, 47 showed that there was a good linear relationship between IC 50 values and BL 50 values despite the different techniques used.
The presence of the anchor residues greatly influenced the binding affinity in the A*0201 analysis; therefore, all designed peptides possess the anchor residues of A*0201 (Table 5) . Leu is present at P2 in all the peptides, and most peptides have Val or Ala at P9 (eight peptides have Ala at P9 and seven have Val). For secondary anchor positions, aromatic amino acids are favored both in previous studies and in the z descriptors analysis. Most of the peptides have Trp or Phe at P3, apart from three peptides that have either alipatic or polar amino acids. The other secondary anchor position P7 is occupied by aliphatic or aromatic amino acids.
Peptides with pBL 50 values above 4 were considered as intermediate to good binders, and those with pBL 50 values above 6 were considered to be very good binders. In this experiment, all peptides had BL 50 values above 4. Four peptides had values above 6. The experimental results were in agreement with the findings from the 2D descriptor analysis. The presence of aliphatic amino acids Leu or Met at P2 and Gly, Val, Ala, or Tyr at P9 was important in peptide binding. Also, the presence of Phe at P3 and Val at P7 increased the binding affinity of the peptide. Tyr was well accepted at P1, as was Pro at P4. The presence of negatively charged residues Lys or Arg greatly reduces the ability of peptides to bind to A*0201, although the peptide has the preferred anchor residues, indicating that MHC-peptide binding is much more complex than the simple motif requirement.
Discussion
The crystal structure of HLA-A*0201 (PDB accession number 1HHI) indicated that the antigen binding site is located in sequence domain R1/R2. 48 Six binding pockets (A-F) are present in the binding site to accommodate the side chains of the antigenic peptide ( Figure  3 ). The specificity of these pockets largely determines the specificity of the A*0201 allele.
Pocket A is located at the end of the binding groove and accommodates the side chain of P1. The surface of pocket A is dominated by five tyrosine residues: Tyr7, Tyr59, Tyr99, Tyr159, and Tyr171 (see Table 6 ), among which Tyr7, Tyr59, and Tyr159 are conserved among A2 alleles. The bottom of the pocket is occupied by Tyr7. The composition of the surface suggests a preference for aromatic residues in pocket A. The hydroxyl group on the side chain of tyrosine is a potential hydrogen bond acceptor and could interact with amino acids with hydrogen-bond donor side chains. The results of the present study confirmed that aromatic residues are favored at P1.
The side chain of P2 interacts with pocket B. 49 Residues lining the pocket are bulky and hydrophobic (Phe9, Met45, and Val67), which reduced the volume inside the pocket. Nonpolar residues Ala24 and Val34 are located at the bottom of the pocket. Results of the z descriptors model show that medium size hydrophobic residues Leu and Ile are preferred at P2. The side chains of these two amino acids can extend to the bottom of pocket B. This is confirmed in the binding experiment, in which all high binders of A*0201 possessed Leu at P2.
Aromatic residues such as Tyr and Trp are favored at P3 and P7. The side chain of the residue extends into pocket D and interacts with the hydrophobic residues inside the pocket: Leu156, Tyr99, and Tyr159. Pocket E accepts the side chain of the amino acid at P7, which may interact with the aromatic residues Trp133 at the bottom of the pocket. Hydrophobic residues such as Val and Met are also accepted at P7. In the peptide binding experiment, the three high binders have Phe at P3 and Val or Met at P7 (YLFPDPVTA, YLFPGPMTV, VLFNG-PVTV).
The side chain of P6 interacts with pocket C, which is shallow with polar residues lining the inside (His70, Thr73, His74, and Arg97). The bottom of the pocket is defined by aromatic residue Phe9. In the present study, P6 accommodates a variety of amino acids; aromatic residues (Tyr, Trp and Phe) and medium-sized hydrophobic residues (Leu, Ile, and Pro) are all accepted. Tyr and Trp are potential hydrogen bond donors that could interact with the polar residues inside the pocket, while Phe can reach the bottom of the pocket and stabilize binding.
P9 is known to be an important anchor residue in HLA-A*0201. The side chain of P9 extends into pocket F, which is relatively deep with side chains of Leu81, Tyr123, and Tyr116 at the bottom. In the present study, P9 favors medium size, nonpolar residues such as Leu, Ile, and Met. Two small nonpolar amino acids Ala and Val are also well accepted, as demonstrated in the peptide binding experiment. Thr is the only polar residue favored at this position, which may form hydrogen bonds with Thr and Tyr residues in pocket F (Thr80, Tyr84, Thr143).
Side chains of P4, P5, and P8 are orientated toward the outside of the groove and interact with the T cell receptor. The amino acids at these positions are more diverse. P4 prefers small amino acids, and P5 prefers hydrophobic residues. In the peptide binding experiment, peptides with Pro at P4 and Gly at P5 are well accepted. P8 favors more hydrophilic residues.
Previously, A*0201 motifs have been defined by quantitative binding assays 50 and by the grouping of eluted peptides and epitopes. 51 Leu, Ile, Val, Ala, and Met at P2 and P9 have been identified as the most preferred amino acid from previous studies, 52 which were in agreement with the present study. For nonanchor residues, we identified aromatic residues at P1, small hydrophilic residues at P4, and hydrophobic amino acids at P5, while the binding study by Drijfhout suggested that Lys, Tyr, and Thr are at P1 and that P4 and P5 accept both polar and nonpolar residues. 53 As previous studies indicate, 54 these positions are involved with TCR interaction and the amino acids that occupy these positions may vary greatly between epitopes from different organisms. Furthermore, the differences at the positions may also be due to the different peptide data set used. Results of the peptide binding experiments showed that peptides with the favored residues identified from the 2D-QSAR study bound to HLA-A*0201 with high affinity.
In the present study, the interactions between A*0201 and peptides were analyzed by two sets of descriptors: the 93 amino acid descriptors taken from AAindex and the z descriptors. Initially, QSAR models generated by the AAindex descriptors had low predictivity, which was improved after applying variable selection. However, as more variables were removed, the explained variance (r 2 ) was reduced. In comparison, models generated using the three and five z descriptors had relatively higher predictivity. The explained variance of the z descriptor models was similar to that of models using 93 descriptors, although the latter had a significantly higher number of variables. The z descriptors were originally obtained by applying PCA and PLS to large numbers of variables. Thus, the great advantage of the z descriptors is that they represent a large number of similar descriptors and therefore reduce redundancy in the model, which often affects model predictivity. Our results suggest that in peptide QSAR analysis, the quality of models is not proportional to the number of descriptors used. Including many descriptors in a model is likely to increase redundancy and reduce model predictivity. Choosing a small but more representative set of descriptors leads to high-quality models.
Overall, the present study characterized peptide-A*0201 interactions using two sets of amino acid descriptors, and high-affinity peptides were designed on the basis of the results of this study. Previously, CoMSIA and the additive method, which also use PLS regression, were used to analyze peptide-MHC interactions. [55] [56] [57] [58] [59] [60] Compared with these analyses, the z descriptor models had similar levels of predictivity (q 2 between 0.5 and 0.7) and could be a promising tool for studying peptide-MHC interactions. The methods used in our analysis can be applied to study other MHC alleles, and the results can be used to synthesize peptide analogues that will allow us to model peptide-MHC or peptide-TCR interactions and design novel epitopes and immunomodulators.
This method is not limited to peptide-MHC interactions and can be applied to any QSAR study of proteinpeptide binding events. The use of z scales also has two other important advantages. First, the use of scales as descriptors, rather than indicator varaiables, to represent amino acid identity allows us to deal with missing residues in the training set in a straightforward way. Prediction of MHC binding, for example, is often limited by omissions in the training data, where certain positions in a peptide, usually called anchors, exhibit a greatly reduced set of amino acids compared to much more complete distributions at other positions. This results in many potentially active peptides being essentially unpredictable. The use of scales, which contain numerical values for all 20 amino acids, neatly circumvents this problem. Second, z scales can be extended to include synthetic or rarely encountered natural amino acids, such as citruline, other than the natural 20 amino acids. In the context of MHC, many such posttranslational modifications (PTMs) are known to be recognized within T cell epitopes. 61, 62 Moreover, other PTMs can also generate immunogenic epitopes, such as phosphorylation 63 and glycosylation. 64 The z scale based method described here, which utilizes variable selection, is an effective and efficient approach to the QSAR modeling of peptide-protein interactions of any type. In the context of peptide-MHC binding, we have demonstrated, and verified experimentally, that this method is as effective as other QSAR techniques based on an indicator variable representation of peptide sequences. The flexible and extensible nature of this approach is indicative of its future potential, and we are hopeful that it will contribute significantly to the future development of vaccine design and discovery.
